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ABSTRACT
Although there have been many advances in regulations to assess flood risk in urban
environments, the majority of these investigations to date have focused on fluvial or coastal
flooding. However, in urban systems, pluvial flooding continues to be a pressing issue in
need of attention. Due to the limited research on pluvial flooding in Syracuse, NY, its
population and assets are exposed to the risks imposed by this type of flooding, as their
primary metric for delineating flood risk is the traditional riverine flood zones designated by
the Federal Emergency Management Agency (FEMA). To address this issue, this research
implemented an existing 1D rainfall-runoff model to screen for pluvial flooding risk in
Syracuse using a 1 m resolution DEM with simulations generated for a 100-year 1-hour storm
size. The analysis was executed for five different boundaries, including the City of Syracuse
municipal boundary and four watersheds that terminate within the city. To ascertain the
accuracy of the approach, I compared model predictions of flood locations – called blue spots
– to locations of flooding from news reports of large storms (n = 16) as well as areas of
reported street flooding from a municipal database (n = 65). While 87.5% of locations
obtained from news reports corresponded with the blue spots with various depths, only about
a third of municipal database reports matched the blue spots. Across all boundaries, I
compared blue spot depths within five depth categories (from nuisance to very high risk) to
high resolution land cover and with the FEMA floodplain. I found that the majority of blue
spots, including the deepest areas, were located in pervious areas, which may be related to
some limitations and assumptions of the approach. However, some areas predicted to flood
using the blue spot method were within critical areas, such as roads, commercial and
residential areas. Information about these critical areas may be useful for providing
mitigation and adaptation strategies (e.g., frequently maintenance of the drainage systems;
locations where investments are needed to improve the drainage networks). Finally, I found

that most blue spots indicative of areas at risk from pluvial flooding were concentrated
outside of the FEMA floodplain. Overall, my study emphasizes the need to analyze different
types of flooding together to improve flood risk assessment in urban environments.
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1 INTRODUCTION
Flood events have been increasing in magnitude and frequency in many regions of the world,
accounting for multiple fatalities and economic damage each year. According to the United
Nations Office for Disaster Risk Reduction, flooding accounted for 47 percent of all weatherrelated disasters between 1995 and 2015, affecting around 2.3 billion people worldwide
(Wallemacq et al., 2015). In 2016 alone, the estimated global economic losses by flood peril
were approximately USD 62 billion (Annual Global Climate and Catastrophe Report, 2016).
The United States, as many other countries, is vulnerable to flooding, leading to billion-dollar
disasters annually. Direct average annual flood losses have increased from approximately
USD 4 billion per year in the 1980s, to nearly USD 17 billion per year between 2010 and
2018, with some years far beyond that (ASFPM, 2020). Global warming is one important
factor leading to increase the likelihood for extreme weather events. Human‐induced climate
change has resulted in uncharacteristic weather patterns that have generated unprecedented
events (>500‐year return period) in the United States (Saksena et al., 2019).
While changes to weather patterns and the distribution of intense precipitation are occurring
in many parts of the United States, the Northeastern region has historically experienced the
highest changes in heavy precipitation events since last century and it is projected to
experience more increases throughout 21st century. According to Walsh et al. (2014), about
71% of observed changes in extreme precipitation events occurred in this region from 1958 to
2012, followed by the Midwest with 37%. For New York State (NYS), the 100-year
recurrence interval exhibits a median increase of between 5% and 10% in the 2010–2039
period regardless of greenhouse gas concentration, while the prediction for the 2040–2069
period presents an expected median increase is on the order of 10-20% for higher emission
scenario, and below 10% for lower emission scenario (DeGaetano and Castellano, 2017).
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Growing coverage of impervious surfaces due to land use change is also contributing to
increases in annual flood magnitude (Blum et al., 2020). The combined effects of global
warming and urbanization are particularly problematic in urban areas due to the exposure of
human populations and assets. With the increasing frequency and magnitude of extreme flood
events impacting urban systems, there is an urgent need to improve flood risk assessment for
helping decision makers in developing mitigation and planning strategies (Rosenzweig et al.,
2018; Saksena et al., 2019).
Flooding in urban systems is complex due to the interaction between natural and urban
hydrological processes across spatial and temporal scales (Saksena et al., 2019). To date, the
majority of urban flooding studies, planning, and policy have targeted fluvial and coastal
flooding (Guerreiro et al., 2017; Zhou et al., 2012; Rosenzweig et al., 2018). In contrast,
pluvial flooding, defined as rain-driven overland flow that results from the exceedance of
infiltration rates and drainage system (Carter et al., 2015; Falconer et al., 2009; Rosenzweig
et al.,2018; Wheater, 2006), receives much less attention. Although fluvial flooding tends to a
pose higher risk to human life and assets due to deeper flood depths, pluvial flooding usually
occurs more frequently than fluvial flooding, potentially leading to equivalent or even higher
economic damage for pluvial as opposed to fluvial flood events (Moftakhari et al., 2017;
Tanaka et al., 2020). As shown by Tanaka et al. (2020) in Nagoya City, Japan, pluvial
flooding presents comparable economic risks to fluvial flooding in urban settings where the
main economic assets are not located around streams. Many contemporary cities are
becoming more prone to pluvial flooding and its associated risks (Rosenzweig et al., 2018;
Hossain et al., 2015), necessitating future work on this understudied phenomenon.
Currently, many countries delineate flood risk from fluvial and coastal flooding, but do not
consider pluvial flooding. In the United States, the 100-year floodplain – administered by the
Federal Emergency Management Agency (FEMA) – is the primary policy to delineate flood
2

risk. This metric, focused on fluvial and coastal flooding, has driven flood insurance
requirements, actions and local mitigation policies since its establishment in 1968 (Blessing
et al., 2017). However, studies have shown evidence of disconnection between the 100-year
flood plain and locations of economic damage or losses due to flooding. Brody and Highfield
(2011) developed an analysis of a national sample encompassing 450 jurisdictions which
revealed that about 25% of flood insurance claims between 1999 and 2009 occurred outside
of the 100-year flood. In another study, Brody et al. (2014) determined that approximately
55% of losses from 1999 and 2009 in the Clear Creek Watershed, in Houston, were located
outside of this zone as well. In a more recent analysis, Blessing et al. (2017) indicated that the
FEMA floodplain did not adequately account - from 1999 to 2009 - flood claims in the
Armand Bayou watershed, failing to capture around 75% of insured flood damage. Therefore,
more work is needed to examine flood risk outside of the FEMA floodplain.
Due to the different driving mechanisms of pluvial and fluvial flooding, the approaches to
model them are distinctive. While the hazard source of fluvial flooding is river networks, the
modelling approach typically involves the assessment of flood-flow frequency using either
historical discharge data when available or a design storm, followed by the analysis of the
water surface profile (Huang et al., 2019; Blessing et al., 2017; Tansar et al., 2020; Ghimire
and Sharma, 2021). In overall, the goal in this type of flood analysis is to determine a
reasonable spatial pattern of flood distribution, since flood-prone areas are related to rivers
(Huang et al., 2019).
The same approach, however, does not apply to pluvial flooding. In urban settings, pluvial
flooding usually occurs when the volume of runoff exceeds the capacity of natural and
engineered drainage systems (Bulti and Abebe, 2020). This category of flooding is, therefore,
related to depressions - low-lying areas surrounded by higher elevation areas – and the
subsurface drainage network (Huang et al., 2019). To date, the studies that have investigated
3

pluvial flood risks have done so by identifying depressions in a GIS (Geographic Information
System) environment using a high-resolution DEM (Digital Elevation Model) (Samela et al.,
2020; Qi et al., 2020; Huang et al., 2019; Wu et al., 2018).
Several methods have been developed to model urban pluvial flooding. The most complex
approaches include all the aspects of the drainage system, such as engineered features and the
natural topography (Mark et al., 2004; Schmitt et al., 2004). Although these approaches
represent the real world in a more realistic way, data to constrain these methods is often
limited or of poor quality; in addition, the computational cost to develop and run these types
of models is significant (Salvadore et al., 2015). To tackle this challenge, without
compromising the accuracy of the modelling approach due to limited representation of the
build environment and groundwater processes, several studies have instead focused on the
application of high-resolution topographic data to model rainfall-runoff processes in urban
areas. These applications have ranged from the development of a depression-index (Huang et
al., 2019), the use of existing topographic indices such as sink delineation and topographic
wetness index (Kelleher and McPhillips, 2019), and the delineation and routing of
depressions (Balstrøm and Crawford, 2018). These studies commonly leverage high
resolution DEMs for delineating areas likely to retain water on the landscape.
Given the limited number of studies that have sought to simulate pluvial flooding, the goal of
this study is to test the application of computationally frugal method based on a highresolution DEM to capture likely areas at risk of urban pluvial flooding. I additionally
investigate the land cover composition within areas at high risk from pluvial flooding and
compare these areas to the FEMA floodplain. My study focuses on Syracuse, NY, USA,
considering both the City of Syracuse as well as four watersheds that each contain rivers and
land within the FEMA floodplain. To ascertain likely areas of pluvial flooding, I use the
“blue spot” method, a fast inundation model that predicts pluvial flooding using high4

resolution topographic data, which was introduced by Balstrøm and Crawford (2018). To
date, this method has not been compared with any observations of pluvial flood extent, which
are typically limited.
2 BACKGROUND: PARSIMONIOUS APPROACHES TO MODEL PLUVIAL
FLOODING
There are many examples of modeling approaches for pluvial flooding, including
hydrodynamic, coupled 1D-2D approaches (Löwe et al., 2017; Seyoum et al., 2012), 2D
surface approaches (Palla et al., 2018; Yin et al., 2016) and 1D static models or fast
inundation models (Samela et al., 2020; Zhang and Pan, 2014). Across these many
approaches, the selection of an adequate flood model depends on several factors such as
context and purpose of the study, availability of data, the degree of accuracy and the
computational requirements (Teng et al., 2017). Fast inundation models, including the blue
spot approach, have several limitations: they are not hydrodynamic, they often assume
steady-state flow, and are not coupled with subsurface or sewer infrastructure (Balstrøm and
Crawford, 2018; Bulti and Abebe, 2020; Zhao et al., 2021). However, these parsimonious
approaches may be a good alternative to overcome the issue of significant computational
resources (Samela et al., 2020; Jamali et al., 2018), model-run time (with short times essential
for real-time emergency management; Bermúdez et al., 2019; Jamali et al., 2019), and data
availability encountered when using complex flood models (Bulti and Abebe, 2020; Guo et
al., 2021). The fundamental approach that infiltration-excess overland flow predominates is
likely to hold under extreme rainfall scenarios such as the one tested in this study.
Furthermore, many studies have shown the efficiency of faster modelling approaches by
demonstrating that outputs from these models are generally in agreement with well-known
hydrodynamic flood models such as HEC-RAS and MIKE FLOOD (Samela et al., 2020;
Jamali et al., 2019; Webber et al., 2019; Jamali et al., 2018; Bermúdez et al., 2018; Gibson et
5

al., 2016). For this reason, I see great potential in the blue spot approach for screening pluvial
flooding vulnerability.
Many studies have used topography-based approaches with an eye to simulating or screening
areas for pluvial flood hazard (Huang et al., 2019; Kelleher and McPhillips, 2019). In
particular, the differences in mechanisms and characteristics between pluvial and fluvial
flooding (Sörensen and Mobini, 2017) emphasizes the need to employ topographic
approaches, such as the blue spot method, to assess pluvial flooding because this type of
flooding occurs in depressions, which are low-lying areas that can be detected using a highresolution DEM (Huang et al., 2019).
3 STUDY AREA
The study area extent focuses on Syracuse, NY (Figure 1). The City of Syracuse has a humid
continental climate with distinct seasonal variation (Squier-Babcock and Davidson, 2020;
Carpenter et al., 2016). The average (1981-2010) annual precipitation, minimum temperature
and maximum temperature were 1065.14 mm, 2.7 ºC and 13.4 º C, respectively, (Northwest
Alliance for Computational Science & Engineering, 2020). Due to changes in weather pattern
in Syracuse, the number of heavy storms events has doubled in 25 years (1989-2013)
(Northeast Regional Climate Center, 2021).
The City of Syracuse has several issues with pluvial flooding due to the presence of
impervious surfaces, the channelization of urban rivers, and a combined sewer system that
flows into Onondaga Creek and Harbor Brook. This sewer system often results in sewer
back-ups during storm events. Although Downtown Syracuse (the urban core) is highly
urbanized, the City of Syracuse has many green spaces as can be seen in Figure 1b.
My analysis also focuses on four local watersheds containing FEMA floodplain: Harbor
Brook, Meadowbrook Creek, Ley Creek and Onondaga Creek. These watersheds all
6

terminate within the City of Syracuse. Onondaga Creek, the major tributary of Onondaga
Lake, has a drainage area of approximately 290 km2. Due to its exceptionally large size, I
focused on a smaller portion of this watershed located within the City of Syracuse between
the USGS 04240010 and USGS 04239000, covering an area of about 52 km2 (Figure 1a).
Within this sub-watershed, the upper portion of the creek is deeply channelized while the
lower portion of Onondaga Creek has been re-channelized to protect the population from
flooding (OEI, 2009). Developed land uses cover more than 50% of the lower Onondaga
Creek sub basin (Coon and Reddy, 2008).
Harbor Brook and Ley Creek, other tributaries of Onondaga Lake, have a drainage area of
approximately 31 km2 and 77 km2, respectively. Developed land uses cover more than 40%
of Harbor Brook basin and more than 50% of Ley Creek basin (Coon and Reddy, 2008).
Unlike the other watersheds, Meadowbrook Creek does not drain to Onondaga Lake. Its
drainage area is around 11 km2, with a length of only 5.6 km. The upper portion of the stream
is highly channelized and armoured, with 28% medium to high intensity urban land use
(Beltran, 2020). The most downstream portion meanders through a cemetery, with only 10%
medium to high intensity urban land use (Ledford and Lautz, 2015), becoming channelized
after Dewittshire.

7

Figure 1 - The study area is the city of Syracuse, shown within New York State. (b) I compare depths across five areas, four
watersheds and the City of Syracuse. The FEMA floodplain is shown for reference. (c) The City of Syracuse land cover is
generally dominated by green space, except within the urban core (located roughly in the center of the city).

Table 1 – Area of each watershed

Watershed
Onondaga Creek*
Harbor Brook

Area (km2)
52
31

Meadowbrook
Creek

11

Ley Creek

77

* Portion of Onondaga Creek watershed located between the USGS 04240010 and USGS 04239000

4 METHODS
4.1 The blue spot method
The blue spot method, proposed by Balstrøm and Crawford (2018), is a parsimonious 1D
rainfall-runoff model that predicts flood hazard using a simple routing scheme and the
detection of local depressions from on a high-resolution DEM. This method is a purely
drainage-based approach that routes the hypothetical storm design through the landscape in a
steady-state flow, computing the amount of overflow that accumulates in local sinks and the
amount that is transported downstream (Figure 2). The end result are “blue spots” – areas
predicted to experience flooding, with known extent and depth.
8

Figure 2 - Conceptual figure encapsulating the elements of the 1D blue spot rainfall-runoff model to detect local sinks based
on high-resolution topographic data. This approach uses (a) a DEM and (b) a hypothetical design storm applied uniformly
to (c) produce water accumulation into local sinks after routing the hypothetical design storm through the DEM.

In this approach, the landscape is broken down into local sinks, their catchments and
descriptions of flow paths between them, followed by their conversion into points, lines and
polygons – respectively – which enable the organization of these units in a geometric
network (Balstrøm and Crawford, 2018). This organization allows the computation of water
volumes stored locally in the depressions or carried downstream when spilling over. To do
so, the approach is divided into three parts - raster processing, vector processing and
geometric network processing.
The blue spot approach has both strengths and limitations. Positively, this approach is
relatively easy to implement, requires limited data as input, minimal computational resources
and can be rapidly executed, making it a potentially ideal approach for organizations who do
not seek to invest extensive time in the learning curve of developing and executing a
physically-based model. However, it is important to keep in mind the limitations of this
approach: the blue spot approach does not provide the dynamic cell-by-cell capacities that
raster models typically provide (Balstrøm and Crawford, 2018), it does not involve any
hydrodynamic component, which means that time resolution is not taken into account and the
output provided in steady-state flow, and runoff occurs on the surface without involving any
groundwater component or sewer systems. It therefore models urban pluvial flooding driven
9

purely by Hortonian overland flow. Though this presents some challenges to its use, I sought
to rigorously evaluate this simple model and compare it to known areas of pluvial flooding, to
assess whether this approach may prove useful for screening in cities with limited capacity to
perform fully spatially distributed and hydrodynamic simulations.
4.2 Case Study: Syracuse, NY
The blue spot method was implemented in Syracuse, NY, using a high-resolution DEM with
a horizontal accuracy of 1 m and vertical accuracy of 0.033 m. The rainfall intensity was
assumed to be uniformly distributed. The 100-year, 1-hour recurrence interval was selected as
the hypothetical storm design as input to the model. The precipitation estimated with 90%
confidence interval for Syracuse was 5.99 cm (NOOA, 2017). To eliminate the presence of
very small blue spots, any blue spots with volumes below approximately 6.0 m3 and areas
below around 19.0 m2 were excluded. While the blue spot model does offer the ability to
incorporate spatial variability in surface conditions, rainfall and soil moisture into the model,
these features were not incorporated, in part to assess performance assuming limited
knowledge of these spatial variations, which may not be available in many cities.
The analysis was executed for a broad extent of land that spans multiple watersheds. To
interpret how blue spot depths and distribution vary at the city and watershed level, I
extracted blue spot depths for five distinct areas: Harbor Brook watershed, the Meadowbrook
Creek watershed, the Ley Creek watershed, the Onondaga Creek watershed and the City of
Syracuse (Figure 1a). Each watershed was delineated using StreamStats (USGS, 2020). The
City of Syracuse boundary was retrieved from the City of Syracuse’s Open Data Portal
website (Syracuse Open Data, 2018).
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4.3 Analyzing blue spot depths and extents
The flood locations predicted by the model, indicated by depth and extent, are called blue
spots. Within each of these boundaries, the blue spots were compared in several ways. First, I
determined exceedance probabilities as a function of depth for both large (areas ≥ 5000 m2)
and small (areas < 5000 m2) blue spots. I also compared the spatial extent of the FEMA
floodplain (FEMA, 1996) with the blue spots extents to investigate the potential of the FEMA
floodplain model in capturing pluvial flooding. I report the overlap between these two
datasets in terms of total area of blue spots across depth categories that fall within the FEMA
floodplain.
In addition, I used two classification schemes to evaluate the distribution of blue spots across
depths and land covers. First, I defined five different depths categories based on literature
values of hazard criteria for flooded areas (Shand et al., 2010; Russo et al., 2013; Moftakhari
et al., 2018). While velocity is sometimes taken into account to define hazard regimes (Luke
et al., 2018; Vu, T. T. and Ranzi, 2017; Abuzied and Mansour, 2019), I solely focus on depth
in this study as the blue spot approach is not hydrodynamic. These depth categories are:
•

Nuisance flooding (NF), 3.3 to 10 cm. This refers to low levels of inundation
associated to socioeconomic impacts that do not pose significant threat to the
public safety or cause serious property damage, but can impact daily activities
(Moftakhari et al., 2018).

•

Minor flooding (MF), 10 to 30 cm. These values, according to Australian
Rainfall and Runoff criterion, are considered as limiting high velocity and still
water depths for stationary vehicles, respectively (Shand et al., 2011).

•

Moderate flooding (OF), 30 to 50 cm. The upper threshold of 50 cm is chosen
because it is the limiting depth for children* (Shand et al., 2011).
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•

High flooding (HI), 50 to 120 cm. The upper threshold of 120 cm is selected
because it is the limiting depth for adults* in good conditions (Shand et al.,
2011).

•

Very high flooding (VH), > 120 cm. This is the highest hazard condition.
*According to Shand et al. (2011), hazard regimes are defined for adults, with a height and mass product
(H.M; m.kg) greater than 50, and for children with H.M between 25 and 50. For children in this range of
H.M, low hazard exists for flow values below 0.4 m2s-1, with a maximum flow depth of 50 cm regardless
of velocity. For adults, low hazard exists for flow values below 0.6 m2s-1, with a maximum depth limit of
120 cm and a maximum velocity of 3 ms-1 at shallow depths. Infants and very young children (H.M < 25)
are considered unsafe in any flow without adult support.

I additionally classified blue spots across depths within two categories of land cover: those
land areas that would be problematic to flood or where flood water would be restricted from
infiltrating (impervious surfaces such as roads, parking lots and structures) and those areas
that may not be problematic to flood due to its capacity of facilitating water infiltration, thus
posing minimal risk to humans (defined as green spaces that may add opportunities to store
stormwater). Table 2 summarizes the land cover dataset after the reclassification into two
categories. Using high-resolution land cover data, I was able to more highly resolve subparcel variability, allowing me to separate flooding that impacts residences or businesses
from flooding that occurs within green spaces in these areas (e.g., vacant lots, yards, parks
and other open, pervious space). I use these depth and land cover frameworks to interpret the
level of potential urban pluvial flood hazard posed across the city, and to evaluate how
predicted flood hazard (using the blue spot approach) varies with the distribution of pervious
and impervious surfaces.
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Table 2 - Summary of the land cover dataset after reclassification into two categories

Original Classification (CUGIR)
Number
Description
1
2
3
4
5
6
7
8
9
10
11
12

Water
Wetlands
Tree Canopy
Shrub Scrub
Low Vegetation
Barren
Structures
Impervious Surfaces
Impervious Roads
Tree Canopy over Structures
Tree Canopy over Impervious Surfaces
Tree Canopy over Roads

Reclassification
Number
Description
0
0
0
5
5
5
5
5
5

Pervious Surface
Pervious Surface
Pervious Surface
Impervious Surface
Impervious Surface
Impervious Surface
Impervious Surface
Impervious Surface
Impervious Surface

4.4 Validating blue spots
True validation of urban pluvial flooding models is challenging due to lack of empirical data
to assess model accuracy in representing the reality, particularly for extreme events. I
approached validation by identifying locations of flooding from news reports of large storms
that occurred in 2011 and 2015. These storms were identified on the website syracuse.com,
which provides the latest news for NYS, with focus on Onondaga County. In addition, I
retrieved areas of reported street flooding from the City of Syracuse (CityLine) database from
2012 to 2020. The reports that mentioned flooding in catch basins were selected for
validation. For both flooding report datasets, I extracted blue spot depths within a 10 m radius
around each reported flooding location. Mean depths within a 10 m radius around these
locations were computed in ArcGIS and then plotted in a graph in RStudio. These depths are
compared with the five different depth categories defined in Section 4.3.
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5 RESULTS
5.1 Blue spot extents and depths
Figure 3 shows the flood hazard map produced by the blue spot approach across the five
boundaries. All depressions with shallower depths than 3.3 cm (the vertical accuracy of the
DEM) were excluded from the hazard map. The total area covered by blue spots greater than
this vertical ranged from 5.2% (Meadowbrook Creek) to 14.0% (Ley Creek) (Table 3).
Table 3 - Percentage of blue spots area with vertical accuracy above 3.3 cm within each boundary

Boundary

Total area covered by blue spots
greater than the vertical accuracy (%)

City of Syracuse
Harbor Brook
Meadowbrook Creek
Onondaga Creek
Ley Creek

9.2
6.1
5.2
7.8
14.0

Figure 3 - Blue spot depths across the study area
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The distribution of large blue spot depths (greater than 5000 m2) is shown in Figure 4a, while
the distribution of all blue spot depths is shown in Figure 4b. Blue spots were categorized based
on five different pluvial flood depth categories, with the percentage of blue spots within each
category summarized in Table 4. Between 21.3% and 25.5% of all blue spots (Figure 4b) were
categorized as nuisance flooding. This number was lowest in Meadowbrook Creek and highest
in Harbor Brook. When considering large blue spots (Figure 4a), between 4.7% and 11.3% of
the blue spots occurred as nuisance flooding across all boundaries.
The percentage of all blue spots (Figure 4b) corresponding to the greatest depths (Very High
Risk category, depth > 1.20 m) ranged from 6.0% (Ley Creek) to 25.5% (Meadowbrook
Creek). When considering large blue spots (Figure 4a), the percentage of blue spots within this
category rose to between 8.4% (Ley Creek) and 41.9% (Meadowbrook Creek). Somewhat
expectedly, large blue spots tended to be deeper.

Figure 4 - Exceedance probability as a function of blue spot depths across each boundary. Boundary, including watersheds
and the City of Syracuse, are indicated by color. Distributions of blue spot depths are (a) plotted for the largest blue spots
(area > 5000m 2) and for (b) all blue spots
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Table 4 - Comparison of the percentage of blue spots between all blue spots, indicated by A, and large blue spots, indicated
by L, within each depth category (VH: Very high flooding; VI: High flooding; OF: Moderate flooding; MF: Minor flooding;
NF: Nuisance flooding).

City of
Depth Syracuse
Category
VH
HI
OF
MF
NF

Harbor
Brook

Meadowbrook Onondaga
Ley Creek
Creek
Creek

A

L

A

L

A

L

A

L

A

L

10,9
24,3
14,0
27,6
23,3

16,6
34,4
17,1
23,0
8,9

16,2
19,8
13,2
25,4
25,5

24,1
30,6
15,4
20,4
9,5

25,5
20,9
11,3
21,0
21,3

41,9
27,9
12,2
13,3
4,7

10,3
25,3
13,9
26,8
23,6

16,1
37,3
17,3
21,7
7,6

6,0
20,7
17,8
31,8
23,7

8,4
27,2
21,6
31,5
11,3

5.2 Comparing blue spots with known flooding locations
I compared predicted blue spot depths with observed flooding in two ways: (1) using flood
news report from the internet and (2) based on reported street flooding from the City of
Syracuse (CityLine) database. From news reports and photos, I identified 16 locations known
to have experienced flooding in Syracuse, and approximately 65 locations with reported
flooding from the CityLine database. Importantly, while the news report locations of flooding
all represent locations with deeper flooding, I have no frame of reference for interpreting
depths from CityLine because photos are not included in these reports.
The mean depths within a 10 m radius around news reports and CityLine flooding locations
are shown in Figure 5a and 5b, respectively. Considering news reports of flooding, only two
locations displayed mean depths below the vertical DEM accuracy, while average blue spot
depths in 14 other locations exceeded the vertical DEM accuracy. Five of these locations
displayed average depths consistent with nuisance flooding, while the majority (n = 9)
occurred in deeper depth categories (OF, HI and VH).
Of these 65 locations reported via CityLine, 21 sites did not correspond with a blue spot, and
24 sites had an average blue spot depth below the vertical DEM accuracy. From the remaining
20 locations, average blue spots around 12 reported flooding locations occurred in shallower
depths (NF and MF) while eight were categorized as deeper depths (VH, HI and OF).
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Figure 5 - Blue spot mean depths within a 10 m radius (a) around sixteen locations of flooding from news reports based on
photos and other news accounts from large storms and (b) around sixty-five locations of reported street flooding from the
City of Syracuse database. These depths are compared with the five depth categories that I identified from the literature.

5.3 Blue spots, floodplains, and land cover
To contextualize predicted blue spot depths, these values were analyzed in a few different
ways. First, I sought to compare the overlap between predicted blue spots and the FEMA
floodplain to establish whether the blue spot approach yields information that is either
duplicative of or complementary to the definition of fluvial flood hazard (e.g., the
floodplain).
Therefore, comparing these two datasets provides perspective on whether predicted pluvial
flooding corresponds with areas of hazard associate with riverine flooding. These two
datasets are shown spatially in Figure 6. The percentage of blue spots that occurred within the
FEMA floodplain ranged from 20.0% in Harbor Brook watershed to 34.3% in Ley Creek
watershed, emphasizing that between 65.7% and 80% of all blue spots were found outside of
the FEMA floodplain.
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Figure 6 - A spatial comparison between the FEMA floodplain and blue spot extent.

I also extracted the percentage of overall blue spots area occurring within the FEMA floodplain
based on depth categories (Figure 7). In general, a high percentage of blue spots within the
FEMA floodplain were in the largest depth category (Very High Flooding). For the City of
Syracuse, approximately 55% of the blue spots as Very High Flooding occur within the FEMA
floodplain; this number rose to 74% in Meadowbrook Creek. In contrast, the majority of the
blue spots in lower depth categories (NF, MF and OF) occurred outside the FEMA floodplain.
Though the floodplain tended to be characterized by deep blue spots, I caution that equally
deep blue spots were still predicted to occur outside of the floodplain (Table 5). In
Meadowbrook Creek, Ley Creek and the City of Syracuse, although the majority of deep blue
spots categorized as VH occur within the floodplain, significant fractions are still predicted to
occur outside this area (24.4%, 38.4% and 42.7%, respectively). Harbor Brook and Onondaga
Creek, in contrast, present highest proportion of VH areas outside of the floodplain, with values
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of 52.9% and 60.2% respectively. In all boundaries, but Ley Creek, the majority of deep blue
spots categorized as HI occurs outside the floodplain.
These results emphasize that although a large portion of the blue spots located within the
FEMA floodplain are deep, there are lots of deep blue spots outside of the floodplain that
should be assessed due to its potential to impose risks.

Figure 7 - For each depth class and boundary, the percentage of overall area found within the FEMA floodplain is
presented. The majority of Nuisance, Minor and Moderate depths occurred outside of the FEMA floodplain.
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Table 5 - Percentage of blue spots categorized as deeper depths (HI and VH) across all boundaries, and proportion of these
deeper depths located outside of the FEMA floodplain.

High Risk Category
Boundary

City of Syracuse
Harbor Brook
Meadowbrook
Creek
Onondaga Creek
Ley Creek

Very High Risk Category

% of Blue
Spots
categorized as
HI

Proportion of HI
areas located outside
the FEMA floodplain
(%)

% of Blue
Spots
categorized as
VH

Proportion of VH
areas located outside
the FEMA floodplain
(%)

25,30
21,38

56,76
78,97

11,34
14,55

42,68
52,93

20,91

74,52

25,48

24,44

25,32
20,70

62,20
46,94

10,35
6,03

60,20
38,39

I also characterized the land cover of blue spots across depth categories, to determine whether
areas of flooding are located in pervious or impervious areas, a necessary step for screening
areas of highest risk to humans and property. Blue spots occurred in a range of land covers
(Figure 8). The occurrence of land cover and predicted flood hazard are shown within the City
of Syracuse for impervious (Figure 9a) and pervious areas (Figure 9b). Across all boundaries,
the majority of blue spots were found within pervious areas (tree canopy, low vegetation, and
barren land), including those in the High Risk and Very High Risk flood depth categories. In
Meadowbrook Creek and Ley Creek, nearly 100% of VH blue spots occur in pervious areas.
In the other boundaries, the predominance of pervious areas over impervious areas in this depth
category is still large (more than 74% is pervious areas). Likewise, more than 62% of blue
spots in the high depth (HI) category occur in pervious areas.
Blue spots corresponding with impervious cover – including impervious surfaces, structures,
and roads – represent a smaller fraction of total blue spots across each boundary and within
different flood categories. The proportion of impervious cover over pervious areas for each
flood category ranged from 1.7% to 43.1% across the boundaries. In the City of Syracuse, the
majority of the blue spots found within impervious cover were in Nuisance (10.1%) and Minor
(11.1%) depth categories. The same was true for Harbor Brook, Meadowbrook Creek and Ley
Creek. The only watershed where a majority of impervious cover corresponded to high flood
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depth categories was within Onondaga Creek, where approximately 36% of blue spots within
High Risk flood depth occurred within impervious areas.
Generally, impervious areas corresponded with shallower blue spot depths (NF and MF). Only
a small fraction of the deepest blue spots was predicted to occur within impervious areas.

Figure 8 - Distribution of land cover class within the five different depth distinctions per boundary, shown as percentage.
While there are differences across different watersheds, the majority of blue spots within each boundary are located in tree
canopy and low vegetation.

Table 6 - Distribution of land cover class within the five different depth distinctions per boundary, shown as percentage. The
values are combined between pervious (% P: tree canopy, low vegetation and barren soil) and impervious areas (% I:
structures, impervious roads and impervious surfaces).

Depth
Category
NF
MF
OF
HI
VH

City of
Syracuse

Harbor
Brook

Meadowbrook
Creek

Onondaga
Creek

Ley Creek

%P

%I

%P

%I

%P

%I

%P

%I

%P

%I

13,4
16,9
9,0
14,8
8,0

10,1
11,1
5,3
8,8
2,7

20,7
20,6
10,7
19,1
13,0

3,9
4,6
2,8
2,9
1,9

15,4
16,4
8,8
17,5
23,4

6,5
5,3
2,8
3,5
0,4

14,9
17,9
9,7
16,2
7,8

8,7
8,8
4,3
9,2
2,5

18,9
26,4
15,2
18,1
5,0

5,1
5,8
2,5
2,7
0,4
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Figure 9 - Occurrence of land cover and predicted flood hazard are shown within the City of Syracuse for (a) impervious
and (b) pervious areas for each depth category.
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6 DISCUSSION
The 1D model approach was implemented in this study, combined with a high resolution
topographic data, to predict pluvial flooding for a design storm using a high-resolution DEM
in Syracuse, NY. The implications of the results of this emerging tool are discussed below.
6.1 Interpreting topographically-based screening of areas prone to pluvial flooding
The challenge behind any urban flood modeling is validation due to the limited or lack of
independent observational dataset to assess the model accuracy. In particular, pluvial
flooding is hard to monitor and usually inconsistently recorded, which imposes challenges for
risk assessment and mitigation practices (Merz et al., 2014; Patrick et al., 2015; Rosenzweig
et al., 2018). I found that the vast majority of flood photos obtained from news reports
corresponded with blue spots of varying depth but exceeding the vertical accuracy of the
DEM. These comparisons were useful in that the extent of flooding could be observed from
the photos, allowing geolocation of the images. In contrast, only a fraction of flood reports
from the CityLine database (31%) had average depths exceeding the vertical DEM accuracy.
In some ways this is unsurprising, as CityLine collects information about flooding as related
to catch basin clogging or requesting catch basin service. In addition, this flooding is likely to
be caused by smaller events that are not necessarily comparable to the 100-year, 1-hour event
simulated in my study. Thus, it is in some ways expected that fewer of these reports
corresponded to blue spots. Both sources of information are useful for considering areas
where the rainfall rate may exceed the infiltration capacity and routing of storm sewers.
While parsimonious approaches such as the blue spot method does not enable the simulation
of flood characteristics with the level of complexity in 2D and coupled 1D-2D hydrodynamic
flood models, these types of models, as I show, are still capable of predicting flood
inundation depth and extent with some accuracy.
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Many studies have performed validation using flood information from news reports and
social media, which has been shown to be very promising approaches to validate urban
pluvial model (Nkwunonwo et al., 2019; Abedin and Stephen, 2019; Moftakhari et al., 2018;
Smith et al., 2017). Le Coz et al. (2016) launched three citizen projects to quantitatively
document flood flows in urban areas of Argentina, France and New Zealand in order to
produce large quantities of large flood observations (using messages, photos and videos).
Such citizen science approaches may prove to be a useful avenue for collecting information
for validating urban flood simulations.
Another promising approach being adopted in the literature is the use of remotely sensed
flood-related data to validate flood hazard maps (Quirós and Gagnon, 2020; Rajib et al.,
2020; Khaing et al., 2019; Paiva et al., 2013). However, only specific sensors – such as
Synthetic Aperture Radar – have the ability to acquire images both at night and under all
weather conditions. For this reason, the availability of free and open flood data is limited
(Notti et al., 2018), particularly in a cloudy place like Syracuse.
After approaching validation, the blue spots were contextualized by the FEMA floodplain.
The analysis revealed that blue spots were often concentrated outside of the FEMA
floodplain. FEMA flood maps are the main indicator of flood risk in the United States and are
the primary reference for a wide variety of decisions such as where is safe to develop,
household protective actions, and local mitigations policy (Mobley et al., 2021). The limited
overlap between this persistently used fluvial flooding dataset and pluvial flooding
predictions corroborates other studies by showing locations of pluvial flooding damage
outside the mapped floodplain (Huang et al., 2018; Winters et al., 2015).
The economic, social and environmental impacts of pluvial flooding are numerous
(Hammond et al., 2015; Rosenzweig et al., 2018). To assess these potential impacts, I
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compared areas predicted to be vulnerable to pluvial flooding using the blue spot approach
with high resolution land cover. In general, and across nearly all watershed boundaries as
well as the city boundary, blue spots occurred in pervious areas, including tree canopy and
low vegetation (e.g., urban lawns). Analyzing the land cover data (Figure 1b), it is possible to
notice that, in overall, Syracuse has many green spaces. In addition to that, Syracuse is
considered a “shrinking city”, which means that massive population reduction has left many
properties abandoned (Jiang et al., 2021; Turo et al., 2021; Fang, 2018), and the City of
Syracuse are demolishing and transforming them into vacant lots, with redevelopment to
preserve green spaces as a way to reduce excess amount of stormwater runoff (Ghosh et al.,
2019; Faust and Abraham, 2016).
Therefore, many blue spots overlap with these green areas, which would explain the high
occurrence of blue spots in pervious areas. This might happen in some green areas, taking
into account that some of these soils might store some water depending on their degree of
compaction. However, it is important to understand that another possible reason for the high
occurrence of blue spots in green areas may be related to limitations of the model. The blue
spot method does not include groundwater processes and considers the terrain as an
impermeable surface, assuming that the entire runoff occurs under Hortonian conditions. This
may be prevalent on compacted surfaces such as roads and other impervious surfaces, in
which Hortonian overland flow, or infiltration excess overland flow, is the primary driver of
pluvial flooding. However, in forested and green areas, saturation excess overland flow may
predominate, representing a major source of streamflow generation. Therefore, it is important
to understand that Hortonian overland flow may not predominate in these forested and green
areas, as the model assumes. Although it is expected that water will be allowed to infiltrate in
those green areas, this is not represented in the model. Consequently, the model allows water
to be stored in these pervious surfaces. These are the limitations od the model that should be
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taken into account when implemented the approach in a place like Syracuse, where there are
lots of green areas. To date, studies that have implemented fast modelling approaches to
predict locations of pluvial flooding did not investigate the land cover underneath these areas,
which justifies why I was able to notice this limitation in such a clear way in my research.
While many blue spots occurred in green areas due to reasons explained above, there were a
small fraction that occurred over roads, structures, and other impervious surfaces. Figure 10
shows residential, commercial and transportation impacts from pluvial flooding in different
areas in the City of Syracuse. Flooding in these areas may occur if 1) the drainage system is
not working (e.g., limited capacity due to clogging) or 2) water does not drain to the drainage
system, thus creating conditions that threaten people’s safety. Rosenzweig et al. (2018)
presented damages associated with this type of flooding based on narrative records of
flooding events from six cities, including Syracuse, which listed impacts such as inundated
residences, submerged vehicle in fast-moving water, and damages to businesses. Yin et al
(2016) highlighted the significant impact that urban roads networks may suffer due to pluvial
flooding, emphasizing not only the infrastructure damage, but also transportation disruption.
These results could be used as a planning tool in cities to compare with other information –
e.g., catch basin clogging – to ensure that sewer system is working properly. Monitoring of
these areas could be performed to ensure that they are not problematic except under the most
extreme rainfall events when rate of rainfall exceeds the capacity of the sewer system to
drain. There are lots of opportunities to enhance resilience to pluvial flooding though
structural and nonstructural policies and practices in a nation that does not have targeted
policies for this type of flood in place (Rosenzweig et al., 2018).
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Figure 10 - Locations of blue spots across the City of Syracuse boundary, highlighting specific places where flooding would
be problematic, such as areas used for transportation and areas containing commercial development

6.2 Why is pluvial flooding important?
Urban floods have imposed escalating threats to human settlements due to urbanization and
climate change (Bernstein et al., 2008), with general understanding and adaptation measures
lagging behind those for alleviating tidal and fluvial flooding (Zhou et al., 2012). Pluvial
flooding has resulted in loss of life, contaminant and pathogen exposure, disruption of critical
systems within urban areas, water quality deterioration and groundwater intrusion through
basement walls (Rosenzweig et al., 2018; Miller and Hutching, 2017; Jiang et al., 2018; Li et
al., 2017; Sörensen and Mobini, 2017). Therefore, there is an urgent need to develop a more
comprehensive approach to urban systems that better represents the risks imposed by pluvial
flooding since this type of flooding is hard to monitor and usually inconsistently recorded,
which imposes challenges for risk assessment and mitigation practices (Merz et al., 2014;
Patrick et al., 2015; Rosenzweig et al., 2018). Traditional approaches to designing and
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operating stormwater networks have relied on past performance of natural systems, and
changes in weather patterns due to climate change may cause greater uncertainty in the
effectiveness of storm drainage systems (Ashley et al., 2005), especially in Syracuse where
severe storms are becoming more frequently. While there are established methodologies for
the design of urban flood mitigation infrastructures (Guo, 2017; Rosenzweig et al., 2018),
drainage system failure occurs, and frequently results in pluvial flooding (Palla et al., 2018).
Urban pluvial flooding can also pose even more risks and challenges for cities with a
combined sewer system (CSS) such as Syracuse. The city has installed many green
infrastructure projects over the past few decades with the overall goal of reducing the amount
of stormwater runoff that flows into the CSS to decrease pollution in Onondaga Lake
(Baptiste et al., 2015). Although the capacity of urban systems to manage stormwater is
enhanced with the integration of these nature-based infrastructures (Pappalardo and La Rosa,
2020), the risks associated with pluvial flooding are still significant in place like Syracuse
due to its CSS and overall aging water infrastructure, thus presenting a challenge to water
managers. In general, areas with CSS are more impacted by flooding when compared to areas
with separate sewer system (Sörensen and Mobini, 2017).
7 FUTURE WORK
The outcomes provided by the blue spot method can provide important information for
mitigation actions and risk assessment of pluvial flooding in Syracuse, NY, which may
enhance urban resilience. However, more work can be done in the near future to improve the
study of urban pluvial flooding. Other information can be added to the simulation, such as
building footprints, to divert the surface runoff around buildings and eliminate their volumes
if located in sinks (Balstrøm and Crawford, 2018). It is also possible to take into account soil
and sewer system information subtracting the amount of water that would infiltrate or be
collected by the sewer system (storm sewer are typically designed to a particular design
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storm) before executing the simulation. This can help improve the accuracy of the model in
critical locations, such as Downtown Syracuse.
Another interesting analysis can be made using a recent model developed by Samela et al
(2020) called Safer_Rain, that is similar to the blue spot method (both are filling & spilling
algorithm). However, this approach takes into account infiltration process through a pixelbased Green-Ampt model. This could help address the issue encountered in my study in
which many blue spots occurred in pervious areas, which is possibly related to some
limitations and assumptions of the model.
The comparison with a more complex approach, such as hydrodynamic approaches, can also
be performed to assess the degree of agreement between them, which can help determine the
level of accuracy of the blue spot method. As fast inundation approaches such as the blue
spot does not incorporate any detailed description of the dynamics of overland flow and
water-depth routing (Samela et al., 2020), this may introduce error into the simulations.
In terms of validation, one important task that can be done to help yield information about
urban flooding locations is working more closely with the population of Syracuse, by
interviewing them to collect observations. In the longer-term, with advances in remote
sensing data, the availability of free, open flood data with higher resolution under cloudy
conditions may be improved, which is going to be extremely important to help validate flood
models. An integrated approach combining remote sensing flood data and fast inundation
models using high-resolution DEM to address real time flood risk assessment and forecasting
can be very effective to enhance resilience in cities.
Lastly, working with the City government can help create strategies to alleviate urban pluvial
flooding. The interaction and collaboration between researchers and policy makers can lead
to improvement in city planning and actions, particularly in a place like Syracuse where
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analysis of pluvial flooding is limited. The output provided by the pluvial flood models can
help the authorities to seek for places suitable to install green infrastructure, for example, thus
helping reduce the amount of stormwater that flows into the combined sewer system. Overall,
such collaborations are needed to ultimately address pluvial flooding in Syracuse and other
northeastern cities, as the frequency and magnitude of large storms is only likely to increase
in the future (DeGaetano and Castellano, 2017; IPCC, 2014).
7 CONCLUSIONS
The increasingly recognized economic, social and environmental impacts driven by pluvial
flooding has triggered the need for improving flood risk assessment in urban systems. While
pluvial flooding is often assumed to cause minimal impacts, new research is demonstrating
that this hazard is especially costly and problematic (Rosenzweig et al., 2018), necessitating
new approaches to screening for high risk areas across cities.
To address this challenge, my work presented the application of a fast inundation approach,
the blue spot method, to assess pluvial flooding in a moderately sized, rust belt city in the
United States. Due to the increasing availability of high-resolution topographic data from
modern LiDAR systems, several studies have shown the ability of these fast approaches to
simulate urban flows, facilitating their applicability by their relative low cost and sufficiently
accurate outputs compared to hydrodynamic models (Samela et al., 2020).
As is show in my study, the blue spot method can provide useful information for flood risk
assessment. Validation, however, is one of the main challenges to approaches such as this due
to limitation of independent observational dataset to assess the accuracy of the model. I found
that municipal reporting systems and news reports could yield information useful for
assessing whether approaches such as mine yield accurate information regarding pluvial
flooding. In addition, I found that most areas with blue spots ranging in depth from nuisance
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flooding (depth range) to very high risk flooding (depth range) tended to occur within
pervious areas, which may be related to some limitation of the approach, excepting the
downtown portion of the city. These areas where deep blue spots and impervious surfaces
overlap represent portions of the landscape that could see dedicated monitoring to ensure the
drainage system is functioning to alleviate pluvial flood occurrence.
Overall, my study assessed the potential of a fast-modelling approach – the blue spot method
– to delineate urban pluvial flooding, given the increasingly availability of high-resolution
topographic data from LiDAR technology. My outcomes reinforce the need to analyze
different types of flooding together to enhance flood risk assessment, which may improve the
resilience of urban systems.
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